Lung cancer is the leading cause of cancer death in Japan ( 1 ), the United States ( 2 ), and many other developed countries ( 2 ). Approximately 80% -85% of the cases of lung cancer are classifi ed as non -small-cell lung cancer (NSCLC) ( 1 ), and approximately 25% of patients diagnosed with NSCLC are eligible for surgical resection, which gives the best hope of a cure for patients. However, the long-term survival of NSCLC patients is still unsatisfactory, with no more than 50% surviving for more than 5 years after surgical resection and the rest succumbing to widespread metastases or local recurrence ( 3 ). Results of recent analyses indicate that systemic platinum-based adjuvant chemotherapy might substantially improve both disease-free survival and overall survival of NSCLC patients after surgical resection ( 4 , 5 ). However, the prognosis for individual patients with NSCLC cannot be determined accurately, even though determining prognosis is important if treatment is to be optimized and overtreatment avoided.
has had limited success in identifying gene expression profi les and biomarkers that are associated with survival in NSCLC patients ( 7 -10 ) . However, mRNA expression is often not tightly associated with the level of protein expression and cannot identify posttranslational modifi cation of proteins. Although two-dimensional gel electrophoresis technology has also been used to search for novel protein biomarkers of human lung cancer ( 11 -13 ) , such technology is a technically challenging and time-intensive process that is probably not adaptable for the rapid throughput assays that are needed for clinical application. Treatment decisions thus continue to rely largely on information from conventional clinical and pathologic examinations. New technologies for protein profi ling that are applicable to clinical practice need to be developed that have high accuracy, sensitivity, and throughput.
Mass spectrometry is a new technology that has allowed rapid progress in the fi eld of proteomics. With mass spectrometry, protein expression profi les can be obtained from biologic materials and evaluated for molecular markers of human cancers. Such profi les, which can be obtained with surface-enhanced laser desorption -ionization mass spectrometry ( 14 -16 ) and matrixassisted laser desorption -ionization (MALDI) mass spectrometry ( 17 ) , can distinguish serum of patients with various malignancies from that of normal healthy control subjects. In a previous study ( 18 ) , we used MALDI mass spectrometry to distinguish between NSCLC tissue and normal lung tissue and between two groups of NSCLC patients with different median overall survivals, one of 6 months and the other of 33 months. However, that study was limited by a short postoperative follow-up (range = 1 -42 months) that did not allow us to develop a model to assess long-term survival and had a small sample size (i.e., the total number of NSCLC patients = 66), which did not allow validation with an independent dataset. In this study, which was conducted at a different institution with a different group of NSCLC patients than those in our previous study, we used 201 specimens (174 of NSCLC tissue and 27 of normal lung tissue). We obtained protein expression profi les with MALDI mass spectrometry from these 201 specimens, separated into training and validation sets, to identify a molecular signature that was associated with relapse-free survival and overall survival.
Subjects and Methods

Study Population
Specimens from 174 NSCLC patients (111 with adenocarcinoma, 36 with squamous cell carcinoma, 19 with large-cell carcinoma, and 8 with adenosquamous carcinoma) who had undergone resection with curative intent between December 1, 1995, and December 31, 1999, were obtained from the Department of Pathology and Molecular Diagnostics, Aichi Cancer Center, Nagoya, Japan, on the basis of tissue availability. The median follow-up for the patients who survived beyond 5 years without evidence of relapse (n = 75) was 89 months (range = 64 -108 months). Two-thirds (n = 116) of the patients were randomly assigned to the training set, and one-third (n = 58) were randomly assigned to the testing set. One tumor specimen per patient was analyzed. Twenty-seven normal lung specimens were obtained from 27 NSCLC patients in this study (20 specimens from patients in the training cohort and seven specimens from those in the test cohort). Analysis of characteristics of the patients in both training and test cohorts (see Table 1 ) showed no statistically significant differences in clinicopathologic features between the cohorts. Normal lung tissues were resected from NSCLC patients in both the training and test cohorts. Primary tumor material in excess of that necessary for diagnostic purposes and normal lung tissue were obtained less than 15 minutes after removal from the patients and stored at − 80 °C for about 10 years until use in this study. There was no thawing of any tissue specimens until they were used for this study. The requisite approval from the institutional review board and patients' written informed consent had been obtained.
Proteomic Analysis
Sections (12-µ m thick) from frozen lung tumor and normal lung tissue were cut, transferred to MALDI mass spectrometry sample plates (PE Biosystems, Foster City, CA), and dried at 4 °C for 1 hour in a desiccator. Adjacent sections were stained with Giemsa as a guide to determine which part of the tissue should be analyzed, and areas of normal and tumor tissues were precisely marked by a surgical pathologist (Y. Yatabe) at Aichi Cancer Center Hospital. We deposited 100-nL drops of an energy-absorbing matrix solution (saturated sinapinic acid in water/acetonitrile/trifluoroacetic acid, 500 :500 :1, by volume; this solution allows molecules to be protonated and desorbed from tissue surface) on as much of each tissue slice as possible. Heterogeneous areas with tumor and
CONTEXT AND CAVEATS
Prior knowledge
Patients with non -small-cell lung cancer (NSCLC) who have poor prognosis cannot be distinguished from those with good prognosis.
Study design
A training set -validation set design was used to derive a proteomic signature that was associated with prognosis. Tissues were tumor and normal lung tissues from NSCLC patients with a high risk of recurrence or with a low risk of recurrence.
Contribution
A signature of 25 mass spectrometry signals was derived that could statistically significantly distinguish NSCLC tumors with good prognosis from those with poor prognosis.
Implications
The 25-signal proteomic signature may be useful to distinguish NSCLC patients with good prognosis from those with poor prognosis. Determination of the roles of the proteins represented in the proteomic signature in NSCLC tumorigenesis and progression may lead to improved treatment for NSCLC.
Limitations
Approximately half of proteins contributing to the proteomic signature have been identified. Additional resources are needed for the identification of proteins in matrix-assisted laser desorptionionization mass spectrometry signals. Mass spectrometry signals are limited to relatively highly abundant proteins with a low molecular weight.
normal tissue components were avoided. Spectra were acquired over the tumor surface that was covered by each drop with a Voyager STR Instrument (Applied Biosystems, Foster City, CA), essentially as described previously ( 18 , 19 ) ( Fig. 1 ) . In this analysis, signals in the range of 2000 -20 000 m / z were considered to identify low -molecular-weight markers, which are difficult to analyze by two-dimensional gel electrophoresis technology. Each spectrum underwent smoothening to reduce the electrical noise and internal calibration with the peaks for the hemoglobin ␤ chain (molecular weight + one proton [ ( 18 ) . Additional processes for peak detection and alignment to compare spectra obtained from different patients were conducted with MarkerView software version 1.0 (Applied Biosystems). Spectra were normalized by summing the ion counts across all peaks of each sample and choosing the largest sum from all samples as a global maximum. The sum of total ion counts of each spectrum was divided by the global maximum to obtain the normalization factor, which was then used to multiply each data point for each spectrum ( 18 ) . Previous studies ( 17 -21 ) have demonstrated the accuracy and reproducibility of MALDI mass spectrometry analysis of human materials (e.g., tumor tissues and serum). We confirmed the accuracy and reproducibility of our proteomic analysis by examining two spots, on which 100-nL drops of matrix solution were deposited, from the same tissue section in 20 randomly selected NSCLC specimens from the training cohort. The top 500 peaks of the two spectra from one tissue specimen showed strong correlations (average R 2 = .99) across all 20 samples.
Identification of Individual Proteins in the Proteomic Signature
For four of the specimens that were used for MALDI mass spectrometry analysis, we also carried out detailed analysis of individual proteins. The frozen NSCLC specimens (350 mg) were immersed in 500 µ L of extraction buffer (0.25 M sucrose, 0.01 M Tris -HCl at pH 7.36, and 0.1 mM phenylmethylsulfonyl fluoride), sonicated for three 30-second periods at 4 °C, and centrifuged three times as follows: once for 10 minutes at 680 g , once for 10 minutes at 10 000 g , and once for 1 hour at 55 000 g . After each centrifugation, the soluble fraction was transferred to a new tube, and pellets were dissolved in 250 µ L of an extraction buffer (0.3 M NaCl and 0.01 M TrisHCl at pH 7.36 in water for pellet after centrifugation at 680 g ; 2 M NaCl, 5 M urea, 0.01 M Tris -HCl at pH 7.36 in water for pellet after centrifugation at 10 000 g ; and 80% acetonitrile and 0.1% trifluoroacetic acid in water for pellet after centrifugation at 55 000 g ). These extracts were analyzed by MALDI mass spectrometry to find those containing proteins corresponding to peaks in the signature, and then the selected extracts were separated over a polymeric column (Amersham Biosciences, Upsalaa, Sweden) with a highperformance liquid chromatography (HPLC) pump (Toso, Tokyo, Japan). Solvent A was 0.1% trifluoroacetic acid in water, and solvent B was 0.1% trifluoroacetic acid in acetonitrile. A flow rate of 1 mL/ min was used for 5 minutes with a gradient from solvent A to 5% solvent B, for 75 minutes with a gradient from 5% solvent B to 60% solvent B, and then for 20 minutes with a gradient from 60% solvent B to 95% solvent B as a wash in which no protein was eluted. HPLC fractions were collected every minute for 80 minutes. Each fraction was lyophilized, reconstituted with 50% acetonitrile in water containing 0.1% trifluoroacetic acid, and analyzed by MALDI mass spectrometry to identify the HPLC fractions that contained proteins corresponding to the peaks in the signature with molecular weights that were selected by bioinformatic analysis as candidate molecular markers for the NSCLC and prognostic signature. The selected fractions were lyophilized, material was dissolved in a mixture of 10 µ L of 0.4 M ammonium hydrogen carbonate and 5 µ L of 45 mM dithiothreitol, and then 10 µ L of 100 mM iodoacetamide was added. This mixture was incubated for 4 hours at 37 °C with 5 µ L of 200 nM mass-grade trypsin (Promega, Madison, WI) to obtain peptides. The peptides were separated and sequenced by a microcapillary reversed-phase column (AMR, Tokyo, Japan) with an HPLC pump (AMR) that was coupled on-line to an ion-trap mass spectrometer (Thermo Electron, San Jose, CA). Tandem mass spectra were acquired in the data-dependent scanning mode, with one full mass spectrometry scan followed by one tandem mass spectrometric scan of the most abundant precursor ion. These spectra were compared with those in the human databases of the National Center for Biotechnology Information (nonredundant) by use of Mascot version 2.1.0 (Matrix Science Inc, Boston, MA). A minimum of two peptide matches and a positive association between the m / z values detected with MALDI mass spectrometry and the molecular weight of the intact protein (including posttranslational modifications) were required for protein identification.
Statistical Methods
Protein profiles obtained by MALDI mass spectrometry from NSCLC tumors and normal tissues were analyzed with the significance analysis of microarray (SAM) test ( 22 ) to investigate mass spectrometry signals that appeared to differentiate NSCLC tissues from normal lung tissues in the training set. The cut point for this analysis was a false discovery rate of less than 1%. The agglomerative hierarchical clustering algorithm was applied to investigate the pattern among the statistically significant discriminator proteins as well as the biologic status with Eisen's software ( 23 ) . Three distinct statistical methods, the Fisher's exact test, the Kruskal -Wallis test, and SAM, were used to select informative signals for discriminating patients with a relapse-related death in the fi rst 5 years of follow-up (i.e., high-risk patients) from those who were alive with no symptoms of relapse after a median of 89 months of follow-up (i.e., low-risk patients) in the training cohort of 116 patients. The Fisher's exact test was used to detect informative mass spectrometry signals that were statistically signifi cantly different between patient groups at low and high risk, when each peak was treated as either present or absent. The total number of present and absent calls for mass spectrometry peaks in each subgroup of patients (i.e., high-and low-risk groups) were calculated, and mass spectrometry peaks were selected as informative when nonrandom associations were found. The Kruskal -Wallis test was the other nonparametric statistical method used to detect informative mass spectrometry signals that were statistically signifi cantly different between patient groups at low and high risk. All values of mass spectrometry signals were ranked from low to high, by disregarding the group to which each value belonged. The smallest number was assigned the rank of 1, and the largest number was assigned a rank of N , where N is the total number of values in all the groups. The rank values were then summed in each group, and the mass spectrometry peaks of interest were identifi ed as those with statistically significant differences in the sums of the ranks between the subgroups (high-and low-risk groups). These two statistical tests were executed by use of the R statistical programming language ( 24 , 25 ) . SAM, which is a widely used analytic method that is based on the t statistic with permutations, was also used to test each peak value as continuous data, by use of the program SAM version 1.21, developed by Tibshirani et al. ( 26 ) . The cutoff points were a P value of less than .001 for the Fisher's exact test, a P value of less than .001 for the Kruskal -Wallis test, and a false discovery rate of less than 1% for the SAM test. Those mass spectrometry signals that met at least one of the three selection criteria were analyzed further.
To construct an individualized prognosis prediction classifi er, we used a well-established technique for supervised classifi cation, the weighted voting algorithm, in which each weight value is calculated as the signal-to-noise ratio ( 27 ) . To obtain a generally applicable classifi er without specifi cally overfi tting it to the training cohort, we used a 10-fold cross-validation strategy with 10 000 randomized iterations when we selected mass spectrometry peaks for constructing the prediction classifi er ( 28 , 29 ) .
The average number of misclassifi ed patients for N -signal model was calculated as follows. With 10-fold cross-validation, the training set was divided into 10 nonoverlapping subsets of essentially equal sizes. Then, the weight (signal-to-noise metric) of each mass spectrometry signal was calculated by use of data from nine of these subsets, and at the same time, each mass spectrometry signal was ranked on the basis of the absolute value of the signalto-noise metric. The top N -ranked mass spectrometry signals, by rank, were used to construct a prognosis classifi er. An N -signal model was used on the remaining one subset, and the number of misclassifi ed patients ( N error N,P,M , where N is the number of signals used for classifi er, P is the P th permutation, and M is the M th subset) was calculated. This process was repeated for each of the 10 subsets, and the 10-fold cross-validated learning error was calculated as the sum of the number of misclassifi ed patients of each process. The top 25 -ranked mass spectrometry peaks, with the accumulated rank in each cross-validation procedure, are presented in Supplementary Table 1 (available online) .
The prognosis prediction classifi er was assessed as follows. If we defi ne patients with a high and a low risk of recurrence as class 0 and 1, respectively, the signal-to-noise statistic ( Sx ; x = gene x ) is calculated as Sx = ( µ class0 − µ class1 / class0 + class1 ), where µ class0 is the mean value and class0 is the standard deviation for that profi le in all samples in class 0. We selected the top 25 -ranked mass spectrometry profi les on the basis of the absolute values for Sx of each gene. A weighted voting classifi cation algorithm was used to predict outcome with data from the mass spectrometry signals selected as described above, and the resulting outcome classifi ers were tested by use of 10-fold cross-validation. In this scheme, the algorithm can also be used to fi nd the decision boundaries between the class means as b x = ( µ class0 + µ class1 )/2 for each gene, in addition to computing S x . To predict the class of a test sample ␥ , each profi le x in the predictive mass spectrometry profi le set has a vote ( V x ) that is based on the expression in this sample ( g x ) and b x [i.e., V x = S x ( g x − b x )] and the fi nal vote for class 0 or 1 is sign ( ⌺ x V x ). The votes were summed to determine the winning class ( Supplementary Fig. 1 , available online).
Because it is possible that unintended biased resubstitution or partial cross-validation can result in an underestimate of the error rate after cross-validation, the performance of any class prediction rule is best assessed by applying the rule created by use of one dataset (the training set) to an independent dataset (the validation or test set) ( 30 ) . The individualized prognosis prediction classifi er constructed with the training dataset of 116 patients was then validated by use of a completely independent validation of 58 patients. Kaplan -Meier survival analyses and Cox proportional hazards model analyses (Stata version 7.0) were used to investigate the relationship between the proteomic signature and the overall survival and/or relapse-free survival in the validation set patients. Hazard ratios (HRs) of death and relapse are presented, respectively. The proportional hazards assumptions were verifi ed graphically (as implemented in stphplot function in STATA package). The P values presented for the multivariable Cox model were obtained with a likelihood ratio test. All statistical tests were two-sided.
Results
Protein Expression Profiling and the Training Set
We first obtained protein expression profiles for the 136 frozen human lung tissue specimens in the training set, including 116 specimens from NSCLC patients ( Table 1 ) and 20 specimens of normal lung tissue from patients in the training set, by use of MALDI mass spectrometry. These expression profiles contained 2630 distinct proteomic signals. Representative spectra from a specimen with regions of normal human lung tissue and NSCLC tissue are shown in Fig. 1 . Among these 2630 signals, we found 694 proteomic signals that were differentially expressed between NSCLC tissues and normal lung tissues with a false discovery rate of less than 1%. These 694 signals constituted the tissue classification signature.
To construct a prognosis signature, we compared proteomic patterns from the 46 patients in the training set who died within 5 years of surgical resection because of relapse (i.e., the group at high risk of recurrence) and from the 52 patients also from the training set who survived more than 5 years and showed no symptom of relapse during the entire follow-up period (i.e., the group at low risk of recurrence). Of the remaining 18 patients in the training set, 15 survived for more than 5 years but had some symptoms of relapse during follow-up, two died within 5 years because of pneumonia, and the recurrence status of one patient could not be ascertained. Therefore, these 18 patients were not included in the development of the proteomic signature. By use of our statisti-
and false discovery rate < 1%, for SAM), 178 proteomic signals from training set tumor tissues were found to be statistically signifi cantly differentially expressed between groups at high and low risk of recurrence. These proteomic signals were further ranked according to the signal-to-noise metric and used to construct the signature that could best distinguish patients at high risk of recurrence (i.e., those in the poor prognosis group) from those at low risk (i.e., those in the good prognosis group). The learning errors, to which increasing numbers of the differentially expressed proteomic signals were applied, were calculated by use of a 10-fold cross-validation analysis and repeated with newly assigned sets 10 000 times. From this cross-validation analysis, 25 proteomic signals were used to construct a weighted voting prognosis signature that was associated with outcome for NSCLC patients with the highest accuracy ( Supplementary Fig. 2 and Supplementary Table 1 , available online).
Protein Expression Profiling and the Validation Set
To examine the robustness of the proteomic signatures obtained with MALDI mass spectrometry, we evaluated the association between the proteomic signatures and clinicopathologic variables with an independent test dataset that included 58 NSCLC tissue specimens and seven normal lung tissue specimens ( Table 1 ) . We selected two signatures in the training set, the tissue classification signature and the prognosis signature, and both were validated by use of the validation cohort. We determined first that the proteomic signature could distinguish NSCLC tissue from normal lung tissue in the validation set by use of agglomerative hierarchical clustering analysis. Clustering patterns of expression of proteomic signals obtained from MALDI mass spectrometry analysis reflected the strong association between proteomic profiles and tissue classification and could correctly distinguish all NSCLC tissue specimens from normal lung specimens ( Supplementary Fig. 3 , available online). Fig. 1 . Proteomic analysis with matrixassisted laser desorption -ionization mass spectrometry. A) Micrographs and spectra of representative tissue specimens from a patient with a low risk of recurrence who lived for 93 months after resection are shown. The micrograph on the left shows a Giemsa-stained specimen. This micrograph was used as a guide to locate normal tissue and tumor tissue in the specimen. The micrograph on the right shows a section used for mass spectrometry analysis. Representative spectra were obtained from the indicated circled areas , in which drops of 100 nL of matrix solution (saturated sinapinic acid in water : acetonitrile : trifl uoroacetic acid, 500 : 500 : 1, by volume) were deposited. B) Micrographs and spectra of representative tissue specimens that were obtained from a patient with a high risk of recurrence who lived for 8 months after resection. The micrograph on the left shows a Giemsa-stained specimen that was used as a guide. The micrograph on the right shows the specimen used for mass spectrometry analysis. A representative spectrum was obtained from the indicated circled area . NSCLC = non -small-cell lung cancer; NL = normal lung. Next, we estimated the discriminatory power of the proteomic prognosis signature and compared it with that of prognostic factors currently in clinical use, including histologic examination and the tumor -node -metastasis classifi cation. Results with the validation set indicated that the proteomic signature could distinguish between patients at high and low risks of recurrence better than either of these conventional prognostic factors (for overall survival, HR of death in the high-risk group compared with the lowrisk group = 18.6, 95% confi dence interval [CI] = 5.9 to 58.3, P <.001; and for relapse-free survival, HR of relapse in the highrisk group compared with the low-risk group = 6.4, 95% CI = 2.5 to 16.0, P <.001). Among patients in the group at high risk of recurrence, the overall survival rate after surgical resection was statistically signifi cantly lower than that among patients in the group at low risk of recurrence (at 2 years, 50% versus 97%, respectively, difference = 47%, 95% CI = 26% to 69%, P <.001; and at 5 years, 14% versus 89%, respectively, difference = 75%, 95% CI of the difference = 58% to 93%, P <.001, by log-rank test) ( Fig. 2, A ) . Overall survival was statistically signifi cantly different between the two groups, with a median survival of 24 months for the 22 patients in the group at high risk of recurrence and a median survival that had not yet been reached by 108 months for the 36 patients in the group at low-risk of recurrence ( P <.001 by log-rank test, Fig. 2, A ) . Among patients in the group at high risk of recurrence, relapse-free survival was statistically signifi cantly lower than that among patients in the group at low risk of recurrence (at 2 years, 35% versus 86%, respectively, difference = 51%, 95% CI = 26% to 76%, P <.001; at 5 years, 5% versus 72%, respectively, difference = 67%, 95% CI = 48% to 86%, P <.001, by logrank test; Fig. 2, B ) .
In a univariate Cox regression analysis using patients in the validation set, both the proteomic profi le ( P <.001 for both overall survival and relapse-free survival) and the pathologic disease stage ( P = .003 and .001 for overall survival and relapse-free survival, respectively) were statistically signifi cantly associated with clinical outcome among NSCLC patients in the validation set ( Table 2 ). In a multivariable Cox proportional hazards model, the proteomic signature was the only prognostic factor that was statistically signifi cantly associated with overall survival, whereas both proteomic profi le (HR = 6.4, 95% CI = 2.5 to 16.0, P <.001) and pathologic disease stage (HR = 2.6, 95% CI = 1.1 to 6.2, P = .026) were statistically signifi cantly associated with relapse-free survival, after adjusting for patient age, sex, smoking history, histology, and pathologic disease stage ( Table 2 ).
All 22 patients with the high-risk proteomic signature died during the follow-up period. The relapse status of 20 of 22 patients could be ascertained. Among these 20 patients, 19 experienced relapse during the follow-up period (one patient was censored). Thus, results from the validation set support the robustness of the proteomic signature. We further evaluated the discriminatory power of the proteomic signature by stratifying NSCLC patients in the validation set by disease stage (i.e., into an early-stage [stage I] group and a more advanced-stage [stage II -III] group). All eight stage I patients with a high-risk signature died during the follow-up period (survival rates in stage I patients with high-risk and lowrisk signatures at 2 years, 63% alive versus 100% alive, respectively, difference = 37%, 95% CI = 4% to 71%, P = .014; and survival rates at 5 years, 13% alive versus 96% alive, respectively, difference = 84%, 95% CI = 60% to 100%, P <.001, by log-rank test; Fig. 3, A ) . Among seven of the eight stage I patients with a high-risk signature (the relapse status for one patient could not be ascertained), six patients (one patient was censored) experienced relapse during the follow-up period (percentage free of relapse in stage I patients with high-risk and low-risk signatures at 2 years, 33% alive versus 92% alive, respectively, difference = 59%, 95% CI = 19% to 98%, P =.002; and percentage free of relapse at 5 years, 17% alive versus 84% alive, respectively, difference = 67%, 95% CI = 34% to 100%, P <.001, by log-rank test; Fig. 3, B ) . Among stage II -III patients, overall survival and relapse-free survival were also statistically signifi cantly different between the groups with high-and low-risk signatures. Among the 14 stage II -III patients with high-risk signatures, the median overall survival was 20 months from surgical resection (interquartile range = 7 -49 months; P = .003, by log-rank test). Among 13 of the 14 stage II -III patients with high-risk signatures (the relapse status for one patient could not be ascertained), the median relapse-free survival was 22 months (interquartile range = 7 -31 months; P = .046, by log-rank test). Among the 10 such patients with lowrisk signatures, the median overall survival was not reached, and median relapse-free survival was 29 months (interquartile range = 11 months to value not achieved during experimental period) ( Fig. 3, C and D ) .
In a multivariable Cox proportional hazards model, we also found that the proteomic signature was statistically signifi cantly associated with prognosis (overall survival, HR = 61.1, 95% CI = 8.9 to 419.2, P <.001; and relapse-free survival, HR = 11.7, 95% CI = 3.1 to 44.8, P <.001) among patients with pathologic disease stage I lung cancer, who are considered to be the most curable.
We also investigated whether the stage provided more prognostic information than the proteomic signature. Characteristics of the 58 patients in the validation set (36 of whom had the lowrisk signature and 22 of whom had the high-risk signature) are presented in Table 1 . These groups had statistically signifi cant differences in pathologic lymph node stage (pathologic lymph node stage 0, n = 26 versus 10; pathologic lymph node stage 1, n = 6 versus 3; pathologic lymph node stage 2 -3, n = 4 versus 9 in lowrisk versus high-risk groups, respectively; P = .041) and in pathologic disease stage (pathologic disease stage I, n = 26 versus 8; pathologic disease stage II, n = 4 versus 4; pathologic disease stage III, n = 6 versus 10 in low-risk versus high-risk groups, respectively; P = .019). Among NSCLC patients in the group at low risk of recurrence, overall survival was related to pathologic disease stage, but not statistically signifi cantly so ( P = .066, by log-rank test, Fig. 4, A ) . Among patients in high-risk group, no statistically signifi cant difference was found in overall survival between the stage I and stage II -III patients ( P = .800, by log-rank test, Fig. 4,  B ) . Thus, even among NSCLC patients with stage I disease, the proteomic signature was statistically signifi cantly associated with clinical outcome. As an initial step toward elucidating the biologic mechanism of the association between the proteomic signature and relapse, we identifi ed several proteins that correspond to the mass spectrometry signals in the proteomic signature from NSCLC tissues. Extracts from four surgically resected human NSCLC specimens (two from the group at low risk and two from the group at high risk) were fractionated by reversed-phase HPLC and analyzed by MALDI mass spectrometry to identify the HPLC fractions that contained proteins corresponding to peaks in the proteomic signature. These selected fractions were lyophilized, reconstituted with ammonium hydrogen carbonate, and digested with trypsin to obtain peptides. Each fraction was subjected to sequence analysis of tryptic peptides by use of an ion-trap mass spectrometry coupled with HPLC. By this method, we identifi ed the following proteins as part of the proteomic signature: thymosin ␤ 4 (which can sequester cytoplasmic monomeric actin); proteins that may be specifi cally expressed at a higher level in NSCLC tissue than in normal lung tissue, including thymosin ␤ 10 ( 
Discussion
In this study, we analyzed surgically resected human NSCLC specimens by protein expression profiling with MALDI mass spectrometry. By use of sophisticated bioinformatic analysis, we derived a 25-signal proteomic signature that was associated with a high risk of recurrence in a training dataset and showed that it was also associated with a high risk of recurrence in an independent validation dataset. These results support the robustness of the direct protein expression profiling of tissue specimens with MALDI mass spectrometry.
Proteomic techniques have been developed to analyze the proteome in serum, tumor tissues, and other clinical materials and to obtain information about which proteins are expressed, their expression levels, and whether the proteins are posttranslationally modifi ed, and such analyses can provide useful information about tumor characteristics and cancer biology. However, some limitations of our proteomic study need to be addressed. First, mass spectrometry signals obtained from human materials with MALDI mass spectrometry can contain thousands of data points that are derived from real proteins expressed in tumor cells. However, these signals can be contaminated with electronic and chemical noise from the variability in instrumentation. Second, mass spectrometry signals that can be obtained are limited to relatively highly abundant proteins with a low molecular weight. Third, further steps for identifi cation of proteins that consist of proteomic signatures are needed. Therefore, it is necessary to evaluate mass spectrometry signals carefully. Accordingly, we used sophisticated statistical methods combining the most differentially expressed proteins associated with the biologic variable of interest from many analytical methods. Thus, we have described a 25-signal proteomic signature that appears to distinguish NSCLC patients at high risk of recurrence from those at low risk. Interestingly, disease stage was not statistically signifi cantly associated with prognosis in the multivariable analysis of overall survival, although it was statistically signifi cantly associated with it in a univariate Cox regression analysis. This result indicates that the proteomic signature may include information about disease stage.
Results of another study ( 18 ) that used tissue-based proteomic profi ling with MALDI mass spectrometry found that a mass spectrometry profi le could divide NSCLC patients into two groups, one at low risk for survival and the other at high risk. In our study, however, the follow-up was longer. We followed patients who survived for at least 5 years (median follow-up = 89 months; range = 64 -108 months). We also obtained comprehensive, detailed clinicopathologic information, including the relapse status of 168 of a total of 174 patients. With these data, we constructed a model to estimate the long-term prognosis of NSCLC patients in our training set and obtain a proteomic signature associated with prognosis. We then tested this signature with validation dataset. By this method, we found that the strength of the association between the proteomic signature and overall survival in the validation set (HR = 18.6, 95% CI = 5.9 to 58.3, P <.001) was approximately that of the training dataset. Among patients with pathologic disease stage I lung cancer (who are considered to be the most curable), we also found that the proteomic signature was associated with prognosis (overall survival, HR = 61.1, 95% CI = 8.9 to 419.2, P <.001; and relapse-free survival, HR = 11.7, 95% CI = 3.1 to 44.8, P <.001). Thus, the 25-signal proteomic signature is, to our knowledge, the fi rst proteomic signature described that is strongly associated with lung cancer prognosis. Recent evidence ( 4 , 5 ) indicates that the poor prognosis of NSCLC patients after surgical resection may be improved by early adjuvant therapy intensifi cation before relapse is diagnosed. Because 70% -80% of stage I patients will not relapse, such earlystage treatment leads to overtreatment. Thus, it is important to identify those stage I patients who are likely to relapse from those who are not, and our 25-signal proteomic signature appears to do that. Among stage I patients in the validation cohort, lower overall survival rates after operation was statistically signifi cantly associated with the high-risk group, as defi ned by our 25-signal proteomic signature, than the low-risk group (63% alive versus 100% alive at 2 years and 13% alive versus 96% alive at 5 years). Thus, proteomic analysis focusing on the 25-signal proteomic signature appears to identify patients at high risk of relapse because of residual disease, which cannot be detected with current diagnostic approaches for NSCLC (e.g., computed tomography scanning , positron emission tomography scanning, and tissue-based diagnostic tests) and which would benefi t from systemic adjuvant treatment with cytotoxic and molecularly targeted drugs and radiotherapy. Consequently, use of the proteomic signature to identify high-risk patients could reduce rates of both overtreatment and undertreatment and improve survival for NSCLC patients. Because MALDI mass spectrometry analysis can be applied to very small tissue specimens, it may also be useful for treatment decisions for patients with small stage I tumors, which are being found more frequently because of sensitive imaging techniques, such as helical computerized tomography scanning.
Although relapse is the principal cause of death in patients with any cancer, the underlying molecular mechanism leading to relapse are still poorly understood. In addition to our primary goal of exploration of proteomic profi les that can distinguish patients at high risk of recurrence from those at low risk, we set out to identify molecules constituting the 25-signal proteomic signature, which could provide a basis for improved diagnosis and treatment. By advanced proteomic analyses with HPLC fractionation followed by peptide sequencing with tandem mass spectrometry, we identifi ed several signals that corresponded to various proteins involved in cell migration, cell death, the cell cycle, protein metabolism, and transcription. The higher expression of thymosin ␤ 4 and ␤ 10 in the tumors than in normal tissues is in accord with previous reports from different institutes ( 18 , 21 , 31 ) and appears to support the reproducibility and precision of MALDI mass spectrometry for comprehensive protein expression profi ling of human tissue specimens. In NSCLC specimens, we also identifi ed the overexpression of calcyclin, which may regulate cell cycle pro gression and cell differentiation and which has been found to be expressed in many different types of tumors, especially at the margins of invasive cancers ( 19 , 32 ) . We also identifi ed phosphoprotein enriched in astrocytes 15, which has been shown to be highly expressed in tumors and to inhibit apoptosis ( 33 , 34 ) , and acylphosphatase, which regulates activity of the Na+/K(+)-ATPase pump and may be involved in metastasis ( 35 ) . More than half of the molecules in the proteomic signature remain to be identifi ed. Determination of their functional and biologic roles of the proteins represented in the proteomic signature in NSCLC tumorigenesis and progression may eventually lead to improved treatments for NSCLC.
